We explore the determinants of usage of six different types of health care services, using the Medical Expenditure Panel Survey data, years 1996-2000. We apply a number of models for univariate count data, including semiparametric, semi-nonparametric and finite mixture models. We find that the complexity of the model that is required to fit the data well depends upon the way in which the data is pooled across sexes and over time, and upon the characteristics of the usage measure. Pooling across time and sexes is almost always favored, but when more heterogeneous data is pooled it is often the case that a more complex statistical model is required.
Introduction
The demand for health care services may often be measured as the number of times that some event, for example, a doctor visit, occurs in a given time period. Such variables, defined on the natural numbers, are referred to as count data. There have been many recent advances in the econometric analysis of count data, especially the development of flexible density functions for univariate count data. In many cases, these papers include an empirical analysis of data on demand for health care. Examples of such contributions are Deb and Trivedi (1997) , who investigate finite mixture models; Cameron and Johansson (1997) , who adapt the polynomial reshaping technique of Gallant and Nychka (1987) to count data, and Gurmu (1997) , who uses a flexible density to model latent heterogeneity. All of these approaches define densities that allow for modeling frequently observed features of the data, such as excess zeros and overdispersion, as well as more complicated departures from the behavior implied by standard models such as the Poisson and negative binomial.
At the same time, new sources of data have become available. One of these is the Medical Expenditure Panel Survey (MEPS). The MEPS data is a rich source of recent data on demand for health care, insurance coverage, and related topics. This paper applies many of the recently developed statistical models for univariate count data to the MEPS data, years 1996-2000. This allows comparison of models using a uniform, high quality data set. From this we will be able to determine which models are most successful in capturing the features of six different measures of demand for health care services 1 . Since the six measures exhibit substantially different characteristics, they form an interesting test bed for the statistical models, at least within the general area of demand for health care. We seek to learn which of the available models seem most useful for analysis of data similar to the usage measures in the MEPS data. We also provide information about the usage measures in the MEPS data, upon which further research can build. Guo and Trivedi (2002) provide a similar, though somewhat less extensive comparison of models, using two data sets on counts of patents. Within the literature on demand for health care we are not aware of any papers that provide a similar comparison of models. Beyond the comparison of the statistical models, we also investigate the stability of parameters over time and across sexes, and we present brief estimation results for the most favored models.
To summarize the main results, we find that some of the newer models are useful additions to the toolbox for analysis of health care usage, but others are almost always dominated. The complexity of the model that is favored depends upon the type of data that is analyzed. For variables that have relatively high means, significant overdispersion, and relatively few zeros, relatively complex models are needed to fit the data well. For other variables such as the number of inpatient hospitalizations, the simple negative binomial density is perfectly adequate. Another result is that pooling data across time and sexes leads to a parsimonious model that still fits the data as well as separate models that allow all parameters to vary. Pooling should be done when the data allow it. When more heterogeneous data is pooled, it is more likely that a relatively complex statistical model will be required. With relatively homogeneous data, the simple negative binomial statistical model often fits well.
Statistical models for count data dependent variables
Data on health care demand often exhibits overdispersion, which means that the ratio of the conditional variance to the conditional mean is greater than one (Cameron and Trivedi, 1986; Pohlmeier and Uhlrich, 1995) . Another common characteristic is that many zeros are observed, possibly more than can be accounted for by simple count densities (Pohlmeier and Uhlrich, 1995; Gerdtham, 1997) . Factors such as latent variables or latent population groups could induce more marked departures from standard densities, leading to bimodality or especially fat right tails, for example. In this section we briefly survey some of the newer univariate count data models that can allow for such departures. Before surveying the recent models, we briefly discuss the more standard models upon which the newer approaches build.
Poisson (POISSON)
The Poisson density for a count random variable Y is f Y (y|λ) = e −λ λ y y! .
To allow for covariates, λ is usually parameterized as λ = e xβ . The Poisson density implies that the conditional mean and the conditional variance of y are both equal to λ. Since data on health care demand usually exhibit overdispersion and possibly excess zeros, the basic Poisson model will usually not be suitable for analyzing demand for health care.
Negative binomial (NB)
If the Poisson mean contains a latent component, marginalization, under some assumptions, will lead to a negative binomial density (see for example Cameron and Trivedi, 1998, pp.
100-102) . The negative binomial density may be written as
where φ = {λ, ψ}, λ > 0 and ψ > 0. 2 When ψ = λ/α we have the negative binomial-I model (NB-I), and ψ = 1/α gives the negative binomial-II (NB-II) model. Though other versions exist, we limit attention to these in this paper. The moment generating function of the NB density, which is needed below, is
For the NB-I density, V (Y ) = λ + αλ. In the case of the NB-II model, we have V (Y ) = λ + αλ 2 . For both forms, E(Y ) = λ. Thus, both forms capture overdispersion, with the NB-II model allowing for a more extreme form. As with the Poisson models, the usual means of incorporating conditioning variables is the parameterization λ = e xβ . When this is done, the 2 Among the numerous examples of application of the NB model to health care demand are Cameron et al. (1988) , Pohlmeier and Ulrich (1995) and Geil et al. (1997) .
previous formulae for moment will give the conditional moments.
Hurdle negative binomial (HNB)
As noted by Pohlmeier and Uhlrich (1995) and Gerdtham (1997) , health care demand may exhibit excess zeros with respect to what a NB model can accommodate. This leads us to consider the hurdle version of the NB model. The hurdle 3 negative binomial model first models the zero vs. positive outcome using a probit or similar model. Then, conditional on positive visits, the count follows a zero-truncated negative binomial density. Different parameter vectors are associated with the binary and truncated densities. Hurdle count models were introduced by Cragg (1971) and Mullahy (1986) , who also presented "withzeros" (also known as "zero-inflated") models. Here we present only the hurdle model, since it seems to have been used more widely than the "with-zeros" model for analysis of data on on usage of health care services. 4 We follow Deb and Trivedi (1997) , who use a NB model to parameterize the Bernoulli trial. For a NB random variable,
where the parameter of the hurdle process is φ h = {λ h , ψ h }. To achieve identification one can set α h = 1 when parameterizing ψ h , which may be done as with the NB model. The above probabilities are used to estimate the binary 0/1 hurdle process. Then, for the observations where visits are positive, a truncated NB density, with a different parameter φ = {λ, ψ} is estimated. This density is
Hurdle models are also known as "two-part" models. 4 Examples of applications of the HNB model to health care demand include Pohlmeier and Ulrich (1995), Gerdtham (1997) and Deb and Trivedi (1997) .
Since the hurdle and truncated components of the overall density for Y share no parameters, they may be estimated separately, which is computationally less burdensome than estimating the overall model. The expectation of Y is
NB-I and NB-II versions that allow for conditioning variables follow from the appropriate parameterizations of ψ h , ψ, λ h and λ.
The HNB model could possibly be considered the most sophisticated attempt to deal with the issues of excess zeros and overdispersion in the modeling of health care demand count data, up until 1996. Shortly after, the following models were introduced. All of these models can account for excess zeros and overdispersion, so they can deal with the issues the HNB model was designed to address. Some of the models are also more flexible than the HNB model, even though they may be more parsimonious.
A semiparametric approach (PSP, HPSP)
A semiparametric approach to modeling count data has been developed by Gurmu and Trivedi (1996) , Gurmu (1997) and Gurmu et al. (1999) . This approach introduces unobserved heterogeneity in a Poisson model, and allows the unobserved heterogeneity to follow a semi-nonparametric density. This is conceptually similar to the way that a negative binomial model is obtained as a Poisson-gamma mixture density, but is more flexible in that the latent variable is not restricted to follow a one parameter gamma density. The seminonparametric density of the latent variable is closely related to that proposed by Gallant and Nychka (1987) . The difference is that Laguerre polynomials are used instead of Hermite polynomials. Gurmu et al. (1999) show that, under weak assumptions, the Laguerre expansion density can consistently estimate densities of unknown form. As such, the mixture density is semiparametric, since the Poisson specification is parametric but the modelization of the heterogeneity is not. Gurmu and Trivedi (1996) found that the basic semiparametric approach of Gurmu et al.
(1999) 5 did not fit data well -specifically, excess zeros were a problem. To overcome this problem, Gurmu (1997) proposed a hurdle version of the semiparametric model. The original semiparametric model is based upon an infinite mixture of a Poisson random variable and an independent random variable V which captures unobserved heterogeneity. The assumption is that the Poisson mean is random, so that E(Y |V = v) = λv.
Integrating out the heterogeneity, one obtains the marginal density:
where M 
where φ = (α, β). The semi-nonparametric density for v is
where
.., γ p ), and P k (v) is the kth order Laguerre polynomial. The term η p (φ, γ) = γ γ is the normalization factor that makes the density sum to one. The restriction γ 0 = 1 is used to achieve identification, since the density is homogeneous in γ. This density is semi-nonparametric in the sense that, under weak assumptions, there exist (φ, γ) such that a density of unknown form can be approximated arbitrarily well as p goes to infinity. Gurmu 5 The 1999 paper is based upon a 1996 working paper, which explains the dates of these references.
et al. (1999) provide the consistency proof, which is similar to that of Gallant and Nychka (1987) .
Next, they are able to obtain a closed form for M y V (−λ), which upon substitution into equation 4 yields the semiparametric density for the count random variable Y. In estimation, a restriction is imposed such that E(V ) = 1, which leads to E(Y ) = λ. In the course of the empirical work reported below, we have found that the model is poorly identified without this restriction, and that it is very difficult to obtain convergence if it is not imposed.
The results we report always impose the restriction. We will refer to this model as the Poisson semiparametric model (PSP). To incorporate conditioning variables, the Poisson-style parameterization λ = e xβ is used, so that E(Y |x) = exp(xβ).
To extend this to the hurdle case, Gurmu (1997) allows a first PSP model to determine whether the zero/positive hurdle is crossed, and a second PSP model is used to model the positives. For the hurdle crossing process, the relevant probabilities are
The truncated version of the PSP density is
.
Just as in the case of the HNB model, the binary and truncated components of the hurdle Poisson semiparametric (HPSP) model may be estimated separately. Notationally, we will let PSP(k) or HPSP(k) refer to a model that uses a k-order expansion.
Semi-nonparametric approaches (PSNP, NBSNP)
Cameron and Johansson (1997) directly adapt Gallant and Nychka's (1987) semi-nonparametric density to the count data case. They reshape a Poisson baseline density using a squared polynomial, and then normalize the result to sum to one. We shall refer to this as the Poisson semi-nonparametric (PSNP) approach, though there has been no formal proof of the conditions under which the density has nonparametric properties. 6 The PSP and HPSP models embed the semi-nonparametric density in a parametric density to obtain a semiparametric model, after marginalization of the latent variable. As such, one expects that the approach of Cameron and Johansson should be able to capture more extreme departures from the baseline model, though perhaps at the cost of needing to estimate many parameters. For example, the PSNP model can accommodate bimodal densities, while the PSP density cannot.
The PSNP density is
and η p (φ, γ) is a normalizing factor to make the density sum to one. The normalizing factor is
Cameron and Johansson show that this has the closed form
where m r (λ) is the rth noncentral moment of the Poisson density. Because the term
that reshapes the baseline density in equation 6 is a homogeneous function of γ, it is necessary to impose a normalization to achieve identification: γ 0 is set to 1. The moments of Y may be calculated using the closed form expression in Cameron and Johansson's equation 4.
The typical Poisson-style parameterization of the mean is used to incorporate conditioning variables.
Since the NB model usually fits health care data dramatically better than does the Poisson model, using only one more parameter, one might suspect that changing the baseline model to the NB might allow the model to fit well using fewer parameters. What we shall refer to as the negative binomial semi-nonparametric (NBSNP) model is obtained by making this change. The density is 
A finite mixture approach (MNB, CMNB)
The finite mixture approach to fitting data on health care demand was introduced by Deb and Trivedi (1997). The mixture approach can be interpreted as allowing for latent groups in the population. The data for each group may be characterized by a parameter vector. Since the group to which an individual belongs is not observed, a mixing probability is used to classify individuals probabilistically. There may be two or more latent groups. The mixture approach has been also applied by Gerdtham and Trivedi (2000) , who find that it performs better than the HNB approach.
The mixture negative binomial (MNB) model has the virtue of being conceptually simple.
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We used MuPAD version 2.51 to perform these calculations.
The density is
where The properties of the mixture density follow in a straightforward way from those of the components. In particular, the moment generating function is the same mixture of the moment generating functions of the component densities, whence
The MNB density may suffer from overparameterization, since the total number of parameters grows rapidly with the number of component densities. To address this problem, Deb and Trivedi propose a constrained mixture negative binomial model (CMNB) which restricts all the slope parameters in λ j = e xβ j to be the same across all component densities.
The constants and the overdispersion parameters α j are allowed to differ.
The MEPS data

Data Sources
The Medical Expenditure Panel Survey composed of four surveys of individuals, nursing homes, health care providers, and employers in the United States. We use only the Household Component, which is a survey of a nationally representative sample of households.
The Household Component uses an overlapping panel design where individuals are interviewed five times over the course of 2.5 years, such that complete data for two calen-dar years is collected. Each year, a new series of contacts is initiated. Thus, data for a given individual will appear in the data files for two consecutive years, and the samples for consecutive years are not independent. The raw MEPS data files are available at the site http://www.meps.ahrq.gov. The data files used are the Household Component FullYear files for years 1996-2000, which are files HC-012, HC-020, HC-028, HC-038 and HC-050, respectively. These data files collect responses to many questions related to health care usage, health, insurance coverage, income, etc.
Variables
From these files we use six different measures of annual health care usage, for each of the five years. These are office-based doctor visits (OBDV), outpatient doctor visits (OPV), emergency room visits (ERV), inpatient hospital visits (IPV), dental visits (DV), and number of prescription drugs taken (RX).
The explanatory variables used are months of public insurance coverage during the year, divided by 12 (PUB), sex (SEX -coded as 0 for men and 1 for women), age (AGE), years of schooling (EDUC), and family income in thousands of dollars (INC). Since health care issues change considerably with age, we limit the sample to individuals between the ages of 40 and 65, inclusive. Work not reported here revealed that models that pool data for broader age groups often do not pass specification tests. Also, extremely few younger people have publicly provided insurance coverage. This fact causes problems in obtaining convergence of models that use data limited to that for younger people. We also suspect that women's and men's health issues are different enough to warrant the consideration of models that allow the form of the model and all parameters to differ by sex. We investigate the possibility of pooling the form of the model or some of the parameters across sexes.
We limit the sample to people who have private health insurance coverage during the entire year. Originally we used months of private coverage as an explanatory variable. This variable is very likely to be endogenous in a model for health care usage, since latent health status will likely simultaneously affect choices regarding health care usage and purchase of health care insurance. 8 The econometric problem is to find convincing instrumental variables for private coverage, that can reasonably be excluded from the equation that explains health care usage. Since we were not able to find such variables in the survey data, we prefer to simply estimate models conditional on full private insurance coverage, and avoid the issue of possible endogeneity entirely. The analysis is more limited, but the results are sharper and more reliable. Depending upon the year and the value of SEX, we loose between 20% and 35% of the available sample due to this decision. We include the measure of publicly provided insurance, PUB, to investigate the effects of double coverage. We believe that PUB and the other explanatory variables may be safely considered as exogenous, a priori.
All the variables with the exception of PUB and INC are directly available from the survey data. PUB is simply the sum of the monthly indicators of public health care coverage, divided by 12. Thus, it runs from 0 to 1, with 1 indicating that a person enjoys publicly provided insurance coverage during the full year. INC was constructed by summing the incomes of all members of the family. In the MEPS data, total personal income is the sum of many different sources of income, which may or may not be directly reported. Observations for which any source of any family member's income was "hot decked" were dropped, since hot decking introduces measurement error which leads to inconsistent estimation in the context of regression analysis. 9, 10 We do not use any information on health status, and instead treat health status as entirely latent. This is in contrast to many studies that have incorporated objective and/or subjective indicators of health status. The health status information in the MEPS data include measures of perceived health status as well as objective measures of limitations to activities.
The recorded data is based upon one family member's assessment of all family members' healths. We have the problem that individual A and individual B may evaluate individual B's health very differently, which at a minimum implies that this data will be subject to measurement errors which can lead to inconsistency if not properly addressed (Windmeijer and Santos Silva, 1997). In the case of limitations to activities, many variables are recorded in the data sets. These include, for example, indicators of whether or not individuals have difficulty standing 20 minutes, or difficulty in reaching over the head, and a number of similar variables, and again, one family member reports for the entire family. These variables are likely to be highly collinear, and none of them seems suitable as a single measure of overall health status. Furthermore, it is not clear that results that are conditional on such measures of health status are directly useful for many sorts of economic analysis. Since an economic analysis would likely need to marginalize results that are conditional on these variables, and since the only means of marginalizing them is using the sample information itself, we prefer simply not to condition on them from the outset. Thus, we treat health status as a purely latent source of heterogeneity, and we model it as such. The primary concern in treating health status in this way is the possibility that latent health status might be correlated with conditioning variables such as private insurance coverage, which would induce problems of endogeneity. Our solution, as noted above, is to condition on full private insurance coverage, so that its level disappears as a regressor. We think that the other conditioning variables may safely be assumed to be exogenous.
Descriptive Statistics
As noted above, we limit the data used in this paper to people between 40 and 65 years of age, and initially we estimate separate models for women and men. The sample sizes by year and sex are found in Table 1 .
To obtain a first idea of the characteristics of the six measures of use, Tables 2 through 5 give descriptive statistics for women's and men's health care usage, for the the years 1996 and 2000 11 . Studying these tables, we can make a few observations:
• Women, on average, use all six forms of health care more frequently than do men. This result is very uniform and is stable over time. This suggests that models that pool
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Results for the other years are very similar and are omitted to save space. across sexes will require a dummy variable for sex.
• Men are more likely than women never to use forms of care. The difference is especially notable in the cases of OBDV, DV, and RX, which are probably more elective forms of care than are the other three measures.
• There is considerable temporal stability of the statistics, for all six measures of usage.
However, there are some temporal variations that are notable. For example, the mean of ERV for women is 50% higher in 1996 than in 2000. This suggests the use of dummy variables for years in models that pool across time.
• Most measures of health care use exhibit considerable unconditional overdispersion.
The IPV and ERV measures are in some cases reasonably close to unconditional equidispersion. For these measures it is possible that conditional equidispersion might hold, and that a Poisson model might be adequate. In the other cases the models that allow for overdispersion will likely be preferred.
• The percentage of zeros for the OPV, IPV and ERV measures is usually around 90% or higher. The OBDV, DV, and RX measures have positive usage by a much larger proportion of the sample.
Next, to obtain an idea of the characteristics of the explanatory variables, Tables 6 and 7 present descriptive statistics for the four conditioning variables, for women and men. We present these statistics only for the year 2000 data, since the other years are substantially similar. Highlights include:
• The means of AGE and EDUC are quite similar across sexes.
• There is a notable difference in the mean of INC, which presumably is due to a sex differential in the incomes of single people (recall that INC is defined as family income).
The fact that maximum values of INC are the same is because INC was top-coded during the execution of the survey.
• Only a small part of the population has access to publicly-provided health care insurance.
Model selection
We have under consideration 6 measures of health care usage, 2 sex groups, and 5 years of data. For each of these 60 data sets we wish to determine which of a number of statistical models is most appropriate. Some of the statistical models require determination of the specific parameterization (e.g., whether to use an NB-I or NB-II base model, or the degree of the polynomial expansion for the PSNP, PSP, HPSP and NBSNP models). In the face of so many comparisons to make we use an information criterion approach, concretely the consistent Akaike information criterion (CAIC). The CAIC is defined as CAIC = −2lnL + p(lnn + 1), where lnL is the log-likelihood value, p is the number of parameters of the model, and n is the sample size. The CAIC is a penalized goodness of fit criterion. Additional parameters usually allow for better fit, in terms of the log-likelihood value, but the penalty term prevents selection of overparameterized models. The CAIC is a consistent model selector, in the sense that the correct model in a set of models will have the lowest CAIC value, as the sample size tends to infinity (Sin and White, 1996) 12 . The simple Akaike information criterion (AIC), which has been used in some of the related literature, is not consistent, in that it can favor overparameterized models. The Bayes (or Schwartz) information criterion (BIC) that also appears in the literature can be expressed as BIC = CAIC − p. This criterion is also consistent. It may favor a somewhat more highly parameterized model than the CAIC.
The BIC can be calculated using the information we provide in our results, but we do not report it here, to save space.
We report CAIC values starting with the models that allow parameters to vary by both sex and year, then we report results where parameters are constant across sexes (except for the coefficient of a dummy variable for sex) but vary by year, and finally we report results that pool both across sexes and time. The pooling across time is only for the years 1996, 1998 and 2000, so that no individual enters the sample in more than one year. In this way, the observations are independent of one another. MLE estimation of models with dependent observations would require specifying the nature of the dependence, which is a step we prefer to avoid in this work.
It may be shown that, for two models that share no parameters and use disjoint data sets, the overall CAIC value is simply the sum of the CAIC values of the two models. Thus, one can compare the sum of the CAIC values for separate models for men and women in a given year with the CAIC value of a model that pools across sexes using the data of the same year.
If the CAIC of the pooled model is lower, pooling is supported, otherwise, separate models are favored. Likewise, we can compare models that pool across time with analogous models that allow coefficients to vary by time. In this way we can determine what level of pooling is supported by the data, for each of the 6 measures of use.
With regard to estimation details, some of the models lead to a log-likelihood function that may have local maxima. For the models that do not have a globally concave loglikelihood function, we used simulated annealing to find a rough maximizer which satisfied convergence of the log-likelihood function out to 2 decimal places, then iterated to convergence using a BFGS maximizer. For the other models we used the BFGS maximizer directly.
All estimation routines were programmed using GNU Octave (www.octave.org) and are available from the authors.
Separate models by sex and year We begin with the CAIC values of the various models,
for the year 2000 data. For the other years we only report (below) the results for the favored models, to avoid overwhelming the reader with details. Tables 8 and 9 report the relative CAIC values, for women and men, respectively, for the statistical models that were discussed in Section 2. For the model with the minimum CAIC value, the tables report this value. For the other models the tables report the CAIC value relative to that of the favored model, to facilitate comparisons. For the OBDV, DV and RX measures of use (which are those with higher sample means), we can see that there are a number of models that reach a CAIC within 1% of that of the favored model, while for the OPV, IPV and ERV measures of use, the distances between the favored model and the other models are often larger. Tables 10 and 11 report which are the CAIC-favored models for each of the five years, for women and men, respectively. Some points to note:
• The numbers of times models are favored are: NB -44 times; PSP -8 times; NBSNP -6 times; and CMNB and HPSP, one time each. The other models are never favored.
• Some use measures exhibit considerable variation over time in the models that are favored (e.g., OBDV and DV). The CAIC-favored model for these use measures has "close competitors" in Tables 8 and 9 . The favored model is very stable over time for the IPV and RX use measures.
• One result that stands out is that the simple Poisson-style specification of the conditional mean, E(y|x) = e xβ , is used by the favored model in 52 of 60 cases (86.6%).
With relatively homogeneous data that are for single sex groups and single years, simple models work well in the great majority of cases. Table 12 reports the CAIC values for models that pool the coefficients across sexes, and add a dummy variable that allows the constant to vary by sex, for the year 2000. In the last row we present the sum of the CAIC values of the models that allow all parameters to vary by sex, relative to the CAIC value of the favored model. We do not present such detailed results for the other years, but instead only report the favored models for this level of pooling, for each of the five years, in Table 13 . In this table we can observe that:
Pooling across sexes
• Pooling across sexes is favored in all cases except for ERV in 1998. In all other cases, use of a dummy variable and a common model and slope coefficients is favored.
• Only four models (apart from parameterization details) are ever favored: they are NB (14 times), NBSNP (8 times), PSP (6 times), and CMNB (3 times).
• The simple Poisson-style specification of the conditional mean E(y|x) = e xβ is implied by the favored model in 20 of 31 cases (the NB and PSP models) which is 64.5% of the cases, down from the 86.6% for separate models by sexes. Pooling is supported in all cases but 1 out of 30 (ERV, 1998), but pooling seems to require more flexible densities to capture the greater heterogeneity of the data.
• There is considerable stability over time. For example, the NBSNP model is favored in 4 of 5 years for the DV use measure, and the PSP model is favored 4 of 5 times for the OPV use measure.
• The Poisson model and the more highly parameterized hurdle and mixture models (HPSP, MNB) are never favored.
• When the NBSNP model is favored, it is always the version that uses a NB-I base density.
Pooling across years
We have seen that pooling across sexes is almost always favored.
Next we present CAIC results for models that pool across the years 1996, 1998 and 2000, adding dummy variables that allow the constant to vary by both sex and year. We do not use the data from 1997 and 1999 so that a given individual appears only once in the sample, and thus the data consists of independent observations. 13 Table 14 presents the results. We note that
• Pooled models are always favored. Time-wise heterogeneity seems to be adequately captured by a dummy variable.
• Relatively complicated, newer models (PSP, NBSNP, CMNB) are favored in 5 of 6 cases.
However, for the ERV data where the PSP model is favored, the NB-I and NB-II models have only slightly higher CAIC values.
• The simple Poisson-style mean function E(y|x) = e xβ is favored in only 2 of 6 cases (for IPV and ERV). Again, as we pool more heterogeneous data, more complicated densities are required to fit the data well. These more complicated densities imply more complicated conditional moments. Note that the cases where the simple mean function is accepted are those where the unconditional mean of the dependent variable is lowest, and the percentage of zeros is highest, and the mean/variance ratio is closest to 1 (see Tables 2-5 ).
The overall conclusion is that pooling by age and sex is almost always favored, when data is available to make it possible. Simpler models often work well when the data is relatively homogeneous (for example, separate models by sexes, for a single year) and more complex models are often required when more heterogeneous data is pooled. Of the statistical models compared in this paper, some (the Poisson, PSNP, HNB and MNB) are always dominated, and the HPSP model is likely too highly parameterized for all but exceptional cases. Of the more complicated newer models, the NBSNP, PSP and CMNB models are found to be useful contributions for analysis of this sort of data and probably deserve consideration in future work.
Estimation results
Though a detailed economic analysis of estimation results for the favored models is beyond the scope of this paper, Table 15 presents estimation results for the CAIC-favored models for the pooled 1996-1998-2000 data, with pooling across sexes. The Table contains results for all six use measures. The models are the favored models that appear in Table 14 .
Examining the estimation results, we can make several notes:
• With respect to time trends, DV usage has declined significantly over the 1996-2000 period. Consumption of prescription drugs (RX) has increased significantly. No other trends are clear.
• For all usage measures except DV, holding publicly-provided health care insurance (PUB) has a positive and strongly significant effect on usage levels.
• The dummy variable that indicates that the individual is a woman is positive in all cases, and is highly significant except for the IPV and ERV measures. The IPV and ERV measures are often associated with events such as serious illness or accidents that are in a large part beyond the control of the individual.
• Age always has a positive coefficient, and is highly significant in all cases except the ERV usage measure.
• Income is negative and significant for the IPV, ERV and RX use measures. It is positive and significant for the DV measure.
• Education has a positive and significant effect upon the OBDV and DV measures, and it has a negative and significant impact upon the IPV and ERV measures.
• There is evidence that low-income, low-education individuals use IPV and ERV services more than the average individual. They make less use of dental care visits than average. Other effects are not so clear.
• The CMNB model used for the OBDV, OPV and RX use measures is characterized by mixing two NB densities, both of which are overdispersed, and at least one of which is highly overdispersed. The mix (π) parameter is estimated with poor precision in all three cases. The constant shifter for the second NB density is highly significant.
• The α and γ parameters of the PSP(1) density for the ERV usage measure are estimated imprecisely. It appears that they are not well identified separately for this data set, but that their joint impact is important (since the model had the best CAIC score).
• The α and one of theγ parameters are significant for the NBSNP model used for the DV use measure. There appears to be a problem of poor separate identification similar to that of the PSP(1) model for the ERV data. This problem was noted by Cameron and Johansson (1997) for the PSNP model.
Of the forms of health care under consideration, OBDV and DV are those that are most likely to include preventive visits such as checkups. We can see that more educated, and in the case of DV, higher income individuals, use these two forms of care more frequently than average.
Likewise, IPV and ERV may be used more than average by people who have not taken care of their health through preventive care, or who are seeking to use emergency room visits in place of ordinary doctor visits in an attempt to avoid insurance copayments. The fact that poorer, less educated people use these forms of care more frequently than average might be explained by such factors.
Conclusions
This paper has surveyed a number of statistical models for univariate count data and has applied them data on health care usage from the Medical Expenditure Panel Survey, years 1996-2000. The objective of the paper has been to attempt to determine which models are most appropriate for this sort of data. A secondary objective has been to determine which level of pooling across time and sexes is supported by the data.
We have found that some of the newer models are quite useful and warrant serious consideration when undertaking empirical work with this sort of data. In particular, depending upon the usage measures and the level of pooling, the NBSNP, PSP, and CMNB models are found to fit the data better than more traditional models such as the NB and especially the HNB. Other newer models such as the MNB and HPSP are found to be excessively parameterized for the usage measures in the MEPS data used here, according to the CAIC criterion.
Another result is that pooling the data, both across time and across sexes, is almost always favored. There is enough parameter stability so that dummy variables can be used to capture the important variations in a simple and parsimonious way, without imposing overly strong restrictions on the model. As more heterogeneous data is pooled, more complex statistical models become necessary so that the assumption of parameter constancy (except changes in the constant captured by dummy variables) can be maintained. The basic finding of the paper is that it is more parsimonious to use a relatively complex statistical model with parameter constancy than to use simple statistical models with parameters that vary across data groups. The degree of complexity of the statistical mode required for adequate fit to the data depends upon the usage measure under consideration. Factors that lead to more complicated models being needed are a high mean, low proportion of zeros, and overdispersion. This paper has not focused upon estimation results or economic analysis of the such results. Nevertheless, we have presented some limited results using the pooled by time and sex data, which is the favored approach in all cases. We have seen that the coefficients of the variables have signs that can be given a plausible economic interpretation. However, the discussion has not been deep, since this sort of analysis is not the focus of this paper.
Some directions for further work are quite clear. Given that pooling across time has been found to be desirable, it would be useful to develop models that allow for dependent observations, so that the entire data set for all years could be used. This will require explicit modeling of the dependency of use measures over time, which will lead to the consideration of multivariate count data densities and issues of estimation of such nonlinear models with panel data. Another direction for work would to be to try to tackle the endogeneity of private health care insurance in a convincing way. This may not be possible using the MEPS data due to lack of good instruments, but with other data sets it could be undertaken. (2) PSP ( 
